This paper presents a fuzzy information fusion method to automatically extract tumor areas of human brain from multispectral magnetic resonance (MR) images. The multispectral images consist of Ti -weighted (Ti), proton density (PD), and 12-weighted (T2) feature images, in which signal intensities of a tumor are different. Some tissue is more visible in one image type than the others. The fusion of information is therefore necessary. Our method, based on the fusion of information, model the fuzzy information about the tumor by membership functions. Thismodelisation is based on the a priori knowledge of radiology experts and the MR signals of the brain tissues. Three membership functions related to the three images types are proposed according to their characteristics. The brain extraction is then carried out by using the fusion of all three fuzzy information. The experimental results (based on 5 patients studied) show a mean false-negative of 2% and a mean false-positive of 1 .3%, comparing to the results obtained by a radiology using manual tracing.
INTRODUCTION
Magnetic resonance imaging (MRI) is widely used in modem medicine to study the organic function, to diagnostic tumors, to advise treatments and to assist operations etc. MRI can provide a variety of information about brain tissues as a function of the excitation sequence. The tissue abnormalities can be found also through a variety of MR feature images. The study ofbrain using MR imaging is one ofvery important fundamental research topic in human science. There is a list ofseveral published researches ofbrain based on MR images in [1] . Brain tumor can be considered as one of abnormality tissue. The segmentation ofbrain tumor allows us to obtain the information about the size, the position oftumors, the sort, and the relationship between tumor and surrounding tissues. It provides a very powerful assistant of medicine for following his treatment to appraise the therapies. For image guided surgery, it can be used also to aid operators to select the route of operation to avoid blood vessel and some sensitive and important tissues. So the accuracy of extraction is absoluteness important target. The automatism, robustness and speediness of tumor extraction are also important for application. A knowledge-based brain tumor extraction technique is presented in [2] . An anatomic brain phantom is used to evaluate the accuracy of tumor description by using multimodality image fusion technique of Positron emission tomography (PET) and MRI/CT images [3] . In view ofthe ambiguous, complementary and redundant characters of MR images, the fuzzy logic and information fusion techniques are selected firstly in brain tissue research {l] [4] . The FuzzyConnectedness is used successfully to quantify the multiple sclerosis lesion [4] .
In this paper, we propose a new method ofbrain tumor extraction. The goal ofour research is to extract automatically and correctly the brain tumor using Tl, T2 and PD MR feature images. The tumor area is extracted through fusion ofthe fuzzy sets characterized by membership functions of tumor of T 1 , T2 and PD feature image. The membership function is calculated from the descriptions ofthe experts about tumors. Ourmethod consists offour steps, described as follows. The first step is aimed to align the T2 and PD volumes into the Tl volume using a linear registration method presented in [5] . Since the resolution ofTl images is better than others types ofimages, the brain tissue segmentation is carried out only on Tl images. The segmentation method using fuzzy Markovian Random Fields published in [6] is used here to segment the brain into three principal brain tissues (white matter, gray matter and Cerebro-spinal fluid (CSF) ), called pure classes, and their mixtures, called mixclasses. Each mixclasse has two components which describe the mix percentages of two brain tissues. The sum of them is equal to 1 . The voxels being in the same class and connect are labeled as a same region. A set ofregions are then obtained. These regions on T 1 images are then projected onto the other types ofregistered images. The third step is to extract separately the information about the means and the variance of each region on T 1 , T2 and PD, in order to fuzzily classifier them to the tumor. The membership function ofthe fuzzy sets related to the tumor on Tl , T2 and PD are differently modeled according to characteristics of each type of image and the a priori knowledge of radiology experts. Finally the brain tumor is extracted from the set of regions obtained in step 2 by using the fusion of the fuzzy information obtained in the step 3.
FUZZY MODELIDATIONS BASED ON BRAIN TUMOR KNOWLEDGE
From the point of view of fuzzy set and fuzzy information theory, the brain tumor area visualized in MR images can be considered as a fuzzy set, due to the noise, partial volume effects and the image quality. The decision of a region or avoxel belonging to a tumor is therefore fuzzy. Since the characteristics of the tumor are different from each image type, we have to model three fuzzy sets using different membership function.
According to the description of radiology experts, the characteristics of brain tumor on the three types of MR images can be presented in Table 1 . The symbol "+" presents a hyper-signal, it means the image intensity is very bright. While "-" presents a hypo-signal, the intensity is very dark. The symbol "-+" presents the signal intensity is brighter than hypo-signal, and "+-" presents it is darker than hyper-signal. "--" presents the signal intensity is darker than the hypo-signal, and "++" presents it is brighter than the hyper-signal.
In Table 1 , we can find that the signal intensity oftumor is neither very bright nor very dark in Tl, but it is the brightest in T2 and PD. Let us define the membership functions of tumor set corresponding to TTI, TT2 and TPD -mITT mJT2 and mJTPD respectively. According to Table 1 , we can model the membership functions of tumor set for TTI , T12 , and TPD using the formula (1), (2) and (3) respectively.
mfTTl(x) = e2 (1) mJTT2(x) = 0.5 +0.5 sin((x
where the variable xis the membership value. The parameters k,a, a1, a2,b1, b2 and care defined by the statistic values of each MR volume. These functions are shown in figure 1 . 
TUMOR EXTRACTION USING FUZZY INFORMATION FUSION
When the radiology experts decide the brain tumor area on MR images, they check all three types Ti, T2 and PD. This information fusion process helps the experts to remove the ambiguities of each image type in order to give a good diagnostic.
Since the three fuzzy sets corresponding to the three images types are known (see above), we can define a fuzzy set T that is used to characterize the brain tumor area. The fuzzy set T has relationships with TT1, TT2 and TPD , written as follows:
T c TPD T is therefore contained in the intersection of TTI, TT2 and TPD.
T TTl flT2 flTPD (4) It means that the fuzzy set I is the association of intensity information of fuzzy set TTI, T12 and TPD. We call the information association like this as fuzzy information fusion. The fuzzy set T found on fuzzy information fusion will be characterized by an association membership function mJT. According to (4) , we have where x is a given threshold.
mJT(x) = min{mJTT1(x),mJTT2(x),mfTpD(x)}
EXPERMENTS AND VALIDATION
The MR images used in our experiments have the following specifications: the number of slice on Ti is 124, the slice thickness is 1.5mm, and the pixel size is (0.93 75x0.9375) mm2. The number of slice on original T2 and PD is 20, the slice thickness is 5mm, and the pixel size is 0.46875x0.46875 mm2.
We show here our results step by step.
Step 1
Registration
There are many registration methods. We selected the FLIRT (FMRIB' s Linear Image Registration Tool), a linear interand intra-modal registration, proposed by Oxford Center for Functional Magnetic Resonance Imaging of the Brain (FMTIB). Figure 2 is one example of the result of registration using FLIRT. After registration, the voxel size on T2eg related to T2 and PDreg related to PD is equal to that on Ti, (0.9375x0.9375x 1.5) mm3 with 124 slices. [ 6] presents a brain tissue segmentation method using fuzzy Markovian Random Fields. The brain is classed into 1 1 classes in which there three pure classes representing the three main brain tissues, and 9 mixclasses representing different
Step 2 Brain tissue segmentation on Ti i image after registration weighted image after registration mixing of the three tissues ( Figure 3 ). The brightest intensity and the darkest represent the white matter and the CSF respectively, the gray intensity represents the gray matter. The others intensities represent the mixciasses.
Step 3
Fuzzy information modelization
The classes obtained after the step two are used to extract the fusion region on Ti , T2eg and PDreg. In each class, labeled regions are considered as a basic element of fuzzy set for fusion. The statistical values of the classes in each image type are calculated and used to define the parameters of the membership functions (1), (2) and (3).
Step 4
Brain tumor extraction
Since the three fuzzy sets with membership functions (1), (2) and (3) are known, the brain tumor area, a fuzzy set T, can be obtained by using (5) . Figure 4 (a) is the result with a threshold of membership value 0.9. This result is compared to that obtained by a radiology expert, shown in figure 4 (b) . There is 2% of false negative and 1.3 % of false positive. 
CONCLUSION
We have presented a method to extract the brain tumor from mutispectral MR images. There are two fundamental premises on which this method is based on: (a) The proposed method is a general method to extract automatically human brain tumor. The conception of fuzzy information fusion, proposed in this paper, is universal. It can be used to solve any information extraction problemjust by adapting the membership functions. (b) The proposed fuzzy membership functions were modeled according to characteristic descriptions provided by the experts for each image type, therefore allowing to well exploiter the a priori knowledge. The choice ofthe threshold ofmembership value in the step ofthe fusion influences directly the result. The automatic choice ofthe threshold is our future work.
